Deep Multimodal Fusion by Channel Exchanging
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Deep Multimodal Fusion by Channel Exchanging

Traditional multimodal fusion methods

* Aggregation-based fusion methods: To combine multimodal sub-networks into a single network
ex) averaging, concatenation, self-attention

99 = f(xV)) = h(agg(fi(x"), -, far(z})))) 2) = {wy) € ROUDWPIL

m: modality

h: global network
Agg: aggregation function

* Alignment-based fusion methods: To align the embedding of all sub-networks while maintaining full propagation
for each sub-network by adopting regulation loss

?31:;?2;6(2 O frn ( :r,i} (ﬂ) + Alig; 1u ” ), s.t. Zﬂﬂm =1

fm: ensemble
Q. decision score
Alig: loss function
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Deep Multimodal Fusion by Channel Exchanging

Problems of traditional methods

* Aggregation-based fusion is prone to underestimating the intra-modal propagation
once the multimodal sub-networks have been aggregated.

* Alignment-based fusion delivers ineffective inter-modal fusion owing to the weak
message exchanging by solely training the alignment loss.
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(a) Aggregation-based fusion (b) Alignment-based fusion (¢) Ours

Figure 1: A sketched comparison between existing fusion methods and ours.
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Deep Multimodal Fusion by Channel Exchanging

Channel Exchanging by Comparing BN Scaling Factor
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Scaling factors of BN Feature maps after BN

Figure 2: An illustration of our multimodal fusion strategy. The sparsity constraints on scaling factors
are applied to disjoint regions of different modalities. A feature map will be replaced by that of other
modalities at the same position, if its scaling factor is lower than a threshold.
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Xm,1c: [-th layer inputs

Xmic: (L + 1)-th layer inputs
[: layers

m: each modality sub-network
c: channel

Um 1 c: Mean

Om,1c: Standard deviation
Ym,c: trainable scaling factor

P, c: trainable scaling offset

€: small constant
0: threshold




Deep Multimodal Fusion by Channel Exchanging

Experiments: Semantic Segmentation

Dataset: NYUDv2, SUN RGB-D dataset

NYUDv2: 1449 images, 40 classes Table 3: Comparison with SOTA methods on semantic segmentation.
) NYUDv2 SUN RGB-D
SUN RGB-D: 10,335 images, 37 classes  Modality  Approach E::E?:E Pixel Acc. Mean Acc. Mean IoU | Pixel Acc. Mean Acc. Mean loU
(%) (%) (%) (%) (%) (%)
by ResNet pretrained from ImageNet FCN-32s [33] VGG16 60.0 422 292 68.4 41.1 29.0
RGB RefineNet [31] ResNet101 73.8 58.8 46.4 80.8 57.3 46.3
RefineNet [31] ResNet152 T4.4 59.6 476 81.1 57.7 47.0
FuseNet [ 18] VGGI16 68.1 50.4 37.9 76.3 48.3 37.3
ACNet [21] ResNet50 - - 483 - - 48.1
SSMA [44] ResNet50 75.2 60.5 48.7 81.0 58.1 45.7
SSMA [44] ResNet 101 75.8 62.3 49.6 81.6 60.4 47.9
CBN [45] ResNet 101 75.5 61.2 48.9 81.5 59.8 47.4
3DGNN [36] ResNet 101 - - - - 57.0 45.9
RGB.D  SCN[30] ResNet152 - - 49.6 - 50.7
CFN [29] ResNet152 - - 47.7 - - 48.1
RDFNet [28] ResNet 101 75.6 62.2 49.1 80.9 59.6 47.2
RDFNet [28] ResNet152 76.0 62.8 50.1 81.5 60.1 47.7
Ours-RefineNet (single-scale) ResNetl(] T6.2 628 51.1 82.0 6.9 49.6
Ours-RefineNet ResNet 101 77.2 63.7 517 82.8 61.9 50.2
Ours-RefineNet ResNet152 774 64.8 52.2 83.2 62.5 50.8
Qurs-PSPNet ResNet152 71.7 65.0 525 83.5 63.2 511

T indicates our implemented results.
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Scene Text Detection and Recognition
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Scene Text Recognition

OCR vs STR

OCR: Optical Character Recognition
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Scene Text Recognition

Basic of Scene text recognition
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Scene Text Recognition Papers

= Convolutional attention networks for scene text recognition

Xie, Hongtao, et al. "Convolutional attention networks for scene text recognition."

ACM Transactions on Multimedia Computing, Communications, and Applications (TOMM) 15.1s (2019): 1-17.
21.10 7/T 523] 2I&

=  FQOTS: Fast Oriented Text Spotting with a Unified Network

Liu, Xuebo, et al. "Fots: Fast oriented text spotting with a unified network."

Proceedings of the IEEE conference on computer vision and pattern recognition. 2018.
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